Abstract This study highlighted the
livelihoods and economics based on and dominated by agricultural, pastoral and forests production systems, may be highly sensitive to climate variations. Climate change can and will have both positive and negative impacts on the productivity of these systems, which will, in turn, impact on incomes, costs of production, supplies of food and other commodities, stores of food, livestock and financial savings and food security (Leary et al. 2008) . The fifth assessment report of IPCC clearly depicted that the impact of climate change would be more severe in east, southeast and south Asia due to climate change accelerated sea level rise (SLR) (Wong et al. 2014 ). In addition, tremendous population and development pressure have been building in the coastal areas for the last four decades; as a result, coastal resources as well as inhabitants are more exposed to climatic hazards (Kumar et al. 2010) . The present population at risk is estimated to be 270 million people worldwide. This number will increase to 670 and 450 million people by 2100 for the cases without and with coastal protection, respectively (Mimura 2013) . Furthermore, global climate change and accelerated sea-level rise exacerbate the already existing high risk of storm surges, severe waves, and tsunamis (Kumar et al. 2010) . India has been identified as one amongst 20 most at risk countries to sea level rise (Strauss and Kulp 2014) and observations suggest that the sea level has risen at a rate of 2.5 mm year per year along the Indian coastline since 1950s (Rishi and Mudaliar 2014) . A mean SLR of between 15 and 38 cm is projected by the middle of 21st century along India's coast. Added to this, a 15 % projected increase in intensity of tropical cyclones would significantly enhance the vulnerability of populations living in cyclone prone coastal regions of India (Rishi and Mudaliar 2014) .
The level of vulnerability of different social groups to climate change is determined by both socio-economic and environmental factors (Deressa et al. 2009 ). Socio-economic factors found to be most cited in the literature include the level of technological development, infrastructure, institutions, and political setups (Kelly and Adger 2000; McCarthy et al. 2001; Deressa et al. 2009 ). The environmental attributes mainly includes climatic conditions, quality of soil, and availability of water for irrigation (CIDA 2003; O'Brien et al. 2004; Deressa et al. 2009 ). These socio-economic and environmental factors are the responsible for the differential levels of the vulnerability to climate change across the different region as well as social group. In climate change research, two distinct notions of vulnerability have been recognised -bio-physical vulnerability and social vulnerability . Biophysical vulnerability is concerned with the ultimate impacts of a hazard event, and is often viewed in terms of the amount of damage experienced by a system as a result of an encounter with a hazard. Social vulnerability, on the other hand, is viewed more as a potential state of human societies that can affect the way they experience and respond to natural hazards (Vincent 2004; Adger 1999; Adger and Kelly 1999; Nyong et al. 2008 ). This type of study or analysis of vulnerability has increasingly been presented with the intention of contributing data on threats or risk to physical, territorial and societal developmental officials; and planning specialists as an ingredient of the decision making process. Therefore, in this paper, an attempt has been made to assess the status of social vulnerability to climate change among the eastern coastal districts of India.
Materials and methods

Study area
Indian coastline stretches up to 5700 kms on the mainland and up to 7500 kms while including the two island territories. This vast coastline lies from the Gulf of Kutch in its western most corner to the eastern most corner of shoreline near the Sunderbans in West Bengal and distinctly divided into two i.e., eastern and western. Patwardhan et al. (2003) reported that eastern coast is more vulnerable than the western coast with respect to the frequency of occurrence of extreme events like cyclones and depressions. Therefore, the present study was confined within the districts of eastern coast (except district of union territory Puduchhery). A total of 29 districts from North 24-Parganas of West Bengal to Kanyakumari district of Tamil Nadu were considered for the present study (Fig. 1 ).
Data sources
Secondary data on the district-wise demographic features like population density, decadal growth rate, rural literacy rate, rural population to total population and household data like rural households availing banking service, households not having drinking water sources at their home premises, households having houses in dilapidated condition were taken from the 1 Climatic indicators were calculated from the high resolution daily gridded temperature and rainfall data for the Indian region during the period of 30 years developed by the India Metrological Department.
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District wise agricultural productivity (Rs/ha of Net sown area) were taken from the 'policy paper' (no 26) entitled 'Instability and regional variation in Indian agriculture' published by the National Centre for Agricultural Economics and Policy Research, New Delhi in 2011. 3 District wise Human Development Index value was obtained from the human development report of the respective states.
4 Data on the district wise land utilisation pattern; agriculture; animal husbandry; fisheries; infrastructure like rural electrification, medical institution; per capita income; and operational land holding were collected from the latest published statistical handbook and official websites of the respective states and districts. 5 2.3 Development of 'social vulnerability Index' for eastern coastal districts of India There are three major conceptual approaches for analysing vulnerability to climate change: the socio-economic, the bio-physical (impact assessment), and the integrated assessment approaches (Deressa et al. 2008) . The integrated assessment approach combines both socioeconomic and bio-physical approaches in order to determine vulnerability. The vulnerability mapping approach (O'Brien et al. 2004; Kumar and Tholkappian 2005 ) is a good example of this approach, in which both socio-economic and bio-physical factors are systematically combined to determine vulnerability. Thus, this method was followed to analyse the vulnerability of eastern coastal districts to climate change.
Methods for measuring vulnerability to climate change
The most common methods used to assess vulnerability to climate change are: econometric and indicator methods. The 'econometric method' has its roots in the poverty and development literature. This method uses household-level socio-economic survey data to analyse the level of vulnerability of different social groups (Deressa et al. 2008 ). The 'indicator method' of quantifying vulnerability is based on selecting some indicators from the whole set of potential indicators, and then systematically combining the selected indicators to indicate the levels of vulnerability (Deressa et al. 2008 ). Adger and Kelly (1999) , Kumar and Tholkappian (2005) , Patnaik and Narayanan (2005) , Deressa et al. (2008) , Moreno and Becken (2009), Nyong et al. (2008) , Hahn et al. (2009 ), Nelson et al. (2010 , Ravindranath et al. (2011 ), Tambe et al.(2011 ), Seidl et al. (2011 and Rama Rao et al. (2013) used index-based approach to analyze social vulnerability to climate change in their respective study area. Thus, an index-based method was applied in the present study to analyse the vulnerability of eastern coastal districts to climate change. Piya et al. (2012) argued that vulnerability to climate change is multi-dimensional, and is determined by a complex inter-relationship of multiple factors. There are two approaches in the selection of indicators: data-driven and theory-driven (Vincent 2004) . But, each approach has its own limitations. Therefore, the best option is to verify the representativeness of the theory-based indicators, with data availability from authentic sources. Both theory and data driven approaches were adopted to select the indicators used in this study.
Choosing the vulnerability indicators
The definition of vulnerability, as given by IPCC (2001) , was adopted for this study and it is defined as Bthe degree to which a system is susceptible, or unable to cope with adverse effect of climate change, including climate variability and extremes, vulnerability is a function of the character, magnitude and rate of climate variation to which a system is exposed, its sensitivity, and its adaptive capacity.^Exposure is the nature and degree to which a system is exposed to significant climatic variations. Sensitivity is the degree to which a system is affected, either adversely or beneficially by climate-related stimuli. Adaptive capacity is the ability of a system to adjust to climate change including climate variability and extremes, to moderate the potential damage from it, to take advantage of its opportunities, or to cope with its consequences. Glimpse of indicators under each componeent of vulnerability i.e., exposure, sensitivity and adaptive capacity is presented in Table 1 and have been discussed as below.
Exposure For this study, historical changes in climatic variables, occurrence of extreme climate events and length of coastline were taken as the indicators of exposure. Two climatic parameters i.e., temperature and rainfall were considered for this study. Change in mean temperature, change in mean maximum temperature, and change in mean minimum temperature for the period of 30 years were considered under 'temperature'. Numbers of years having less number of rainy days than normal, numbers of years having excess number of rainy days than normal, numbers of years having excess rainfall, numbers of years having moderate metrological drought, numbers of years having metrological severe drought, variation in rainfall, numbers of days having very heavy rainfall, and numbers of days having extremely heavy rainfall during the period of 30 years (1975 to 2004) were also considered in historical changes in climatic parameter 'rainfall'. Occurrence of two extreme climate events i.e., heat waves and cold waves during the same period was also considered for calculating the degree of exposure of the study area. It was hypothesized a positive relationship of exposure with the rate of change of climate variables, frequency of extreme climate events and length of coastline.
Sensitivity Sensitivity could be measured in the best way, by a change in income or livelihood pattern, attributed only to climatic factors. However, it was very difficult to find this type of data. Instead, we made the simple assumption that those areas with higher frequencies of climate extremes were subjected to higher sensitivity due to loss in yield and livelihood of rural masses (Deressa et al. 2008) . A total of eight variables were considered for calculating the degree of sensitivity of the sample districts. Eastern coastal districts are predominantly agriculture-based districts, wherein agriculture contributed maximum to per capita income. Majority of the agricultural produces including milk come from the small and marginal farmers of rainfed area. Therefore, production and productivity of agricultural produces including milk may be slowed down due to increasing climatic hazards and finally these may leads to lower income of farm family. People from rural area are very much susceptible to extreme climatic hazard as infrastructure in rural area like road, electricity, telecommunication collapsed due natural calamities like storm surge, flood etc. Rural coastal households used to collect their If the year wise total rainfall of the district is between 26 and 50 % of normal rainfall. Then, it was considered that particular year is metrological moderate drought. The value of output for the major crops including fruits and vegetables was multiplied by ratio of GCAt/GCAc, where GCAt is the reported gross cropped area and GCAc is the sum of area under the major crops including fruits and vegetables to estimate of Value of Crop Output (VCO) for GCAt. This figure was then divided by Net Sown Area to arrive at per hectare productivity (Adopted from NCAP, New Delhi).
MILK Total production of milk ('000MT)
Total production of milk from all sources in a year drinking water from a long distance and it would be more difficult in increasing climatic hazards. Therefore, they would be forced to take unsafe/contaminated drinking water and subsequently, incidence of water borne disease like diarrhoea etc. will be more frequently with the increasing extreme climatic events. It was also hypothesized that higher the chances of disaster of the houses in dilapidated condition due to impending climate change.
Adaptive capacity Adaptive capacity of a household was considered as the summation of five types of livelihood assets viz. physical, human, natural, financial and social. These indicators are not necessarily specific to climate shocks only, but are also relevant in addressing other shocks like food shortages etc. (Piya et al. 2012 Human asset is represented by population density (per km 2 ), decadal growth rate and rural literacy rate. These indicators are not directly related to climate shocks; however they are still relevant because of development of human capabilities. Formal education empowers the rural masses in enhancing knowledge and awareness of potential impact of climate change and climate resilience agriculture including its adoption. Districts with higher population density and decadal growth rate will have more burdens on the natural resources of the district, thereby reducing the adaptive capacity.
Social asset is comprised of a single indicator, i.e., 'Human Development Index' of the district, which indicates the social progressiveness of the district. It was hypothesized that higher the 'Human Development Index' of the district, higher the capacity to cope up with climate-related stress.
There are seven indicators under the natural asset of the district: area under forest cover (% of total geographical area), area under grazing land (% of total geographical area), area under food crops (000 ha), cropping intensity, livestock density (per km 2 ), numbers of years having normal rainfall during 1975 to 2004 and numbers of years having normal rainy days (during 1975 to 2004) . Natural assets, by their own nature, are more vulnerable to climate shocks than other types of assets (Piya et al. 2012) . Districts possessing higher share of forest cover and grazing Percentage of households having houses in dilapidated condition lands will suffer less from climate disaster. Higher the area under food crops, cropping intensity and livestock density means higher food self-sufficiency and nutritional security, thus higher adaptive capacity. Indian agriculture is primarily dependent on monsoon. Therefore, higher the numbers of years having normal rainfall and normal rainy days indicates good agricultural produce. Subsequently, good agricultural produce enhances the adaptive capacity. Indicators of physical asset include the infrastructural facilities like network of veterinary institutions including artificial insemination centre, medical institutions and electricity in rural area. Though there is no direct relation of these indicators with climate shock, but, possession of better infrastructural facility is expected to enhance the capacity to withstand the risk from any shocks including climate.
Finally, the financial asset is represented by the production of egg and fish; per capita availability of milk, egg and fish; and rural households availing banking services. Like other previously discussed indicators, these are not directly related to climate shock. But, better financial strength is also supposed to be the backbone of good adaptive capacity. Fish and egg are the main agricultural commodity in coastal districts. Thus, higher the production of fish and egg means higher financial strength. Per capita availability of milk, egg and fish not only indicate the financial strength, but, also indicate the nutritional security. Households availing banking services indicate about the saving habits of the people of the districts. Saving is one of the most important pillars of the financial strength. It is hypothesized that higher the financial strength of the households, higher the adaptive capacity.
Calculation of the vulnerability index
Having chosen the indicators, now these need to be normalized, so as to bring the values of the indicators within the comparable range (Piya et al. 2012; Nelson et al. 2010; Feroze and Chauhan 2010; Gbetibouo and Ringler 2009; Vincent 2004) . Normalization was done by subtracting the minimum value from the observed value and dividing by range. Next step was the testing of suitability indicators. Ravindranath et al. (2011) used 'Principal Component Analysis (PCA)' to identify the significant indicators and eliminate non-significant indicators.
After normalization, three factor analyses (one each for exposure, sensitivity and adaptive capacity) were ran after choosing PCA for extraction and 'varimax method' for rotation of the factors in Statistical Software for Social Sciences 20 (SPSS 20). The result of communalities (as shown in Appendix 1) indicated that a high amount of variance for all the indicators could be explained by the factor analysis model. Mohanty et al. (2009) used a thumb rule of communality, indicating that more than 0.6 as a sufficient condition to keep the indicator and/or variable in the factor analysis model. Since all communality values were above 0.6, no indicator was dropped from the factor analysis model and each indicator was considered for next step i.e., assignment of weights to the indicators.
The method followed by Feroze and Chauhan (2010) was adopted for this study to assign the weights to the indicators (Appendix 2). The normalized indicators were, then, multiplied with the assigned weights to construct the indices, separately, for each component of vulnerability viz. exposure, sensitivity and adaptive capacity separately. Finally, the vulnerability index for each district was calculated as:
Where, V is the Vulnerability index, AC is the Adaptive Capacity index, E is the Exposure Index and S is the Sensitivity index
The overall vulnerability index facilitated inter-district comparison. Higher value of vulnerability index indicated lower vulnerability. However negative value of the index indicated the net effect of adaptive capacity, exposure and sensitivity was found to be negative. It may be considered as more vulnerable, and hence considered as an alarming situation. This index does not give the absolute measurement of vulnerability; instead, the index value highlighted a comparative judgement of sample districts.
Results and discussion
The index values of adaptive capacity and its component for each district are presented in Table 2 . It was found that West Godavari district of Andhra Pradesh scored highest in overall Vizianagaram districts scored lowest in this asset category. In case of social asset, districts of Tamil Nadu like Kancheepuram, Kanyakumari and Thoothukkudi scored considerably higher than the other sample districts; whereas, districts of Andhra Pradesh scored comparative lower in social asset category. In fact, the district Vizianagaram scored 'zero' in social asset category. This did not imply that 'Human Development Index' of the district was zero. This happened because of consideration of normalized value of only one indicator i.e., 'Human Development Index' for the asset category. As far as natural asset was concerned, districts of West Bengal, Andhra Pradesh and Odisha scored higher than the districts of Tamil Nadu. Districts of Andhra Pradesh made higher score in physical asset category than the other sample districts. In case of financial asset category, districts of Andhra Pradesh scored considerably high. Whereas, districts of Odisha scored comparatively lower in financial asset category. Districts of Andhra Pradesh had comparatively lower score in human and social asset category, but, had higher score in other three asset categories viz. natural, physical and financial asset. Therefore, districts of Andhra Pradesh scored comparatively higher in overall adaptive capacity than the other sample districts.
The BOverall Exposure Index^comprised of 14 indicators. Out of these 14 indicators, 13 were related to exposure of different climatic variables including extreme climatic events like heat & cold waves and meteorological drought. Index score of each and every indicator as well as overall exposure have been presented in Table 3 . There are some 'zero values' in this table, however this did not imply that indicators were worthless for the respective districts. It happened because of consideration of normalized value of those particular indicators. From the same table, it was found that Prakasam district of Andhra Pradesh had the highest exposure, but, Srikakulam district of same state had comparative lower exposure than the other sample districts. A critical observation on the same table depicted that districts of Tamil Nadu were comparatively highly exposed on meteorological severe drought, higher variation in rainfall including less & excess number of rainy days. As a result, districts of Tamil Nadu scored higher in overall exposure index than other sample districts. Districts of Andhra Pradesh were having higher incidences of heat wave during the period of 1975-2004. Whereas, incidence of cold wave were mainly observed in the districts of Odisha during the above said period. Degree of change in minimum temperature from 1975 to 2004 was more prominent in the districts of West Bengal. But, the trend in change of mean and maximum temperature from 1975 to 2004 were almost similar across all the sample districts.
Sensitivity index of the sample districts were considered as the summation of the index score of 8 indicators. Index score of each indicator and overall sensitivity have been presented in Table 4 . Like exposure, there are some 'zero values' in the above-mentioned table, which did not imply that indicators were worthless for the respective districts. It happened because of consideration of normalized value of those particular indicators. Among all the sample districts, Purba Medinipur district of West Bengal was found to be the most sensitive, whereas, Nagapattinam district of Tamil Nadu was the least sensitive. It was also found that districts of West Bengal were comparatively more sensitive, whereas, districts of Tamil Nadu were comparatively lower sensitive to climate change. As far as indicators of sensitivity index were concerned, it was found that per capita income of the people of the districts of Andhra Pradesh were more sensitive than the other sample districts. In case of 'agricultural productivity', districts of West Bengal were more sensitive than the other districts. It was also found that 
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Italics Lowest value; Bold Highest value; Underline Highest value in last column PCI Per-capita income (Rs), AP Agricultural productivity (Rs/ha of Net sown area), MILK Total production of milk ('000MT), VILLPOP Rural population to total population (%), RAINFD Rainfed area (percentage to net sown area), HOLD Number of marginal and small holding to total holding (%), DRINKI Rural households not having drinking water sources in their home premises (%), DILAPID Households having houses in dilapidated condition (%)
'total production of milk' was most affected in the districts of Andhra Pradesh. The same table also revealed that village population and rainfed farming would be affected across all the sample districts in almost similar trend. Small and marginal holders of the districts of West Bengal and Tamil Nadu were greater contributors to the overall sensitivity index than those from other sample districts. Households of the districts of West Bengal and Odisha were more sensitive to climate change, on account of having higher percentage of houses in dilapidated conditions coupled with non-availability of drinking water inside their home premises. The BOverall Vulnerability Index^was calculated by subtraction of sum of exposure and sensitivity from the adaptive capacity. Index scores of the sample districts have been presented in Fig. 2 (also see Appendix 3). Districts with more negative vulnerability score were found to be more vulnerable. However, positive scores of vulnerability index did not mean that districts were not vulnerable at all; it just meant that these districts were comparatively less vulnerable. According to the same figure, Pudukottai district of Tamil Nadu was the most vulnerable district, while East Godavari district of Andhra Pradesh was found to be least vulnerable. Pudukottai district had the second least adaptive capacity, coupled with comparatively higher exposure and moderately higher sensitivity; as a result of which, it was found to be the most vulnerable. West Godavari district on the other hand, despite of having the highest adaptive capacity ranked the third least vulnerable due to its comparable higher exposure. Though East Godavari district and Kanyakumari district were having lower adaptive capacity than West Godavari district, yet, both districts were comparatively less vulnerable districts due to lower exposure. Comparing between the two most vulnerable districts i.e., Pudukottai and Cuddalore, both were found to be similar in terms of adaptive capacity, exposure and sensitivity.
It was also found that combined effect of exposure and sensitivity was greater than the adaptive capacity of 10 districts viz. South 24-Parganas of West Bengal; Bhadrak of Odisha; Prakasam of Andhra Pradesh; Thiruvallur, Villipuram, Thanjavur, Thoothukkudi, Pudukottai, Ramanathapuram and Cuddalore of Tamil Nadu. Comparatively, the districts of Tamil Nadu were more vulnerable than the other districts due to their higher exposure as districts of Tamil Nadu faced comparatively higher number of meteorological severe drought, higher variation in rainfall including less and excess number of rainy days. On the other hand districts of Andhra Pradesh were relatively lower vulnerable. Rama Rao et al. (2013) calculated districtwise vulnerability profile of Indian agriculture and they showed that coastal districts of Tamil Nadu were comparetively more vulnerable, whereas, coastal districts of Andhra Pradesh were least vulnerable. Intra state comparison from this study highlighted that Kanyakumari district was found to be the least vulnerable district and Pudukkottai was the most vulnerable among the coastal districts of Tamil Nadu. Udayakumar (2014) also reported that Kanyakumari district was the least vulnerable district of coastal Tamil Nadu. In Andhra Pradesh, Prakasam district was found to be the most vulnerable and East Godavari was the least vulnerable district. Rama Rao et al. (2013) also concluded that Prakasam district was most vulnerable district of coastal Andhra Pradesh. They also remarked that districts KrishnaGodavari delta were the least vulnerable districts. Intra districts comparison of coastal Odisha was in the line of Kumar and Tholkappian (2005) who reported that Bhadrak and Balasore were the most vulnerable districts of coastal Odisha. Kumar et al. (2010) also analysed coastal vulnerability of Odisha and reported that parts of the coastal area of Bhadrak and Balasore district were highly vulnerable. The present study also got support from Kumar and Tholkappian (2005) and Rama Rao et al. (2013) who reported that the South 24 Parganas district was found to be most vulnerable among the coastal districts of West Bengal.
Summary and conclusion
The present study analysed social vulnerability of eastern coastal districts of India to climate change by calculating vulnerability indices and comparing across the region. All the 29 coastal districts of four states across east coast of India (Odisha, Tamil Nadu, Andhra Pradesh and West Bengal) were considered for this study. The vulnerability analysis is based on the IPCC (2001) definition of vulnerability, which explained vulnerability happened to be a function of adaptive capacity, sensitivity and exposure. Integrated vulnerability assessment approaches were adopted, by combining socio-economic indicators (like demographic features), biophysical indicators (like production and productivity of crop, etc.) were adopted for the present study. The method of PCA was employed for assigning weights to the different indicators of vulnerability. Vulnerability was calculated as the net affect of exposure and sensitivity on the adaptive capacity. This net effect was found to be negative in 10 districts viz. South 24-Parganas of West Bengal; Bhadrak of Odisha; Prakasam of Andhra Pradesh; Thiruvallur, Villipuram, Thanjavur, Thoothukkudi, Pudukottai, Ramanathapuram and Cuddalore of Tamil Nadu. These districts are comparatively more vulnerable than the other sample districts, and their present status may be considered as an alarming situation. It was also found that Pudukottai district of Tamil Nadu found to be most vulnerable district, while East Godavari district of Andhra Pradesh was the least vulnerable. There is a strong relationship between extreme climatic events (like meteorological drought, cold wave, heat wave, extremely heavy rainfall etc.) and vulnerability. Therefore, location-specific contingency planning must be prepared to cope up with these extreme climatic events in the near future. The results presented in above demonstrate an integrated approach of vulnerability assessment that can be used to assess the climate change impacts on social change. The present study developed a new approach for assessment of climate induced social vulnerability and submitted to a growing body of literature in social science. Being a new approach, it is better to recognise both weakness and strength. Foremost weakness of the approach is not to consider the change in adaptive capacity and sensitivity over time. Another limitation of the approach is not giving the absolute measurement of vulnerability; rather the index value highlights a comparative ranking of studied districts. The strongest strength of the developed approach is that it provides a means for evaluating the relative distribution of vulnerability to multiple stressors at district level. To capture potential changes over time, the indicators of adaptive capacity might be calculated using alternative scenarios in future researches.
